Identification of novel disease-gene and disease-disease associations is an important task in biomedical research. Recently, we have developed a Cytoscape app, namely HGPEC, using a state-of-the-art network-based method for such task. This paper describes an upgrading version of HGPEC, namely autoHGPEC, with added automation features. By adding these functions, autoHGPEC can be used as a component of other complex analysis pipelines as well as make use of other data resources. We demonstrated the use of autoHGPEC by predicting novel breast cancer-associated genes and diseases. Further investigation by visualizing and collecting evidences for associations between top 20 ranked genes/diseases and breast cancer has shown the ability of autoHGPEC.
Introduction
One of the challenging tasks in biomedicine is to prioritize candidate genes and diseases by the degree of their relevance to a disease of interest. This is the starting point to identify novel disease-gene and disease-disease associations. A large number of computational methods including network-and machine learning-based ones have been proposed for such a task 1, 2 . Stateof-the-art network-based methods often integrate diseases and genes together to form a heterogeneous network, then a propagation algorithm is applied to exploit the similarity between diseases/genes and known disease-gene associations to predict novel associations [3] [4] [5] [6] [7] . Some tools have been also developed to facilitate the use of the state-of-the-art methods. However, most of them only focus on predicting novel disease-gene associations [8] [9] [10] , including some tools which were developed as apps of Cytoscape 11 . Recently, we have developed a Cytoscape app, HGPEC 12 , to predict both disease-gene and disease-disease associations based on a state-of-the-art method on a heterogeneous network of diseases and genes 3 . HGPEC was shown to be better than two other network-based Cytoscape apps for prediction of novel disease-gene associations, GPEC 13 . Being developed as an app of Cytoscape, HGPEC can exploit advanced features of Cytoscape such as data visualization and integration. However, Cytoscape is a desktop-based tool, thus HGPEC cannot link to other analysis tools such as R and Python flexibly. Therefore, this also limits the use of HGPEC because it cannot be used automatically as a component of a complex analysis pipeline in these tools. In addition, this prevents Cytoscape from integrating data from other data resources. Recently, automation features have been added to Cytoscape to facilitate those tasks.
In this study, we upgrade HGPEC by adding automation features into it and name the new app as autoHGPEC. Basically, auto-HGPEC has the same functions as HGPEC. However, these functions can be called by both CyREST functions and commands, thus can be called from external environments. To use autoHGPEC, a heterogeneous network of diseases and genes composing of a disease similarity network, a gene/protein network and known disease-gene associations has to be given. Then, a disease of interest must be selected from the disease similarity network. After that, the disease and its known associated genes (if any) are used as training/seed data. A set of candidate genes then has to be defined by selecting from the gene network or chromosome. These candidate genes and all remaining diseases are then ranked by a RWRH-based method (see the Methods section). Finally, users can select top ranked genes/diseases for further analyses such as visualization and evidence collection. We show the ability of autoHGPEC in predicting novel genes and diseases associated with breast cancer.
Methods

RWRH-based method
autoHGPEC was implemented using a ranking algorithm, random walk with restart on a heterogeneous network (RWRH) 12 .
Briefly, this network-based algorithm propagates the disease information embedded in a disease of interest and its known associated genes (also known as seed/training nodes) to other diseases and genes in the heterogeneous network. This propagation is performed by random walking from the seed nodes. At each node, the random walker goes to adjacency nodes or goes back to the seed nodes with a prior probability. This process is repeated iteratively until a steady-state is reached. A score assigned to each node at this state represents the degree of relevance to the seed nodes, thus relevance to the disease of interest. Finally, candidate genes and diseases are ranked by the scores and top ranked candidates can be selected as promising genes and diseases for further investigation. 20 . However, users can also select other networks by themselves. In order to provide automation features for HGPEC, we first refactor source code of HGPEC to implement Cytoscape Tunable annotations to replace control panels of HGPEC in the west by a menu system. Therefore, all the functions of HGPEC are accessed through the menu system. In addition, the workflow of HGPEC is exposed to the users by using CyREST Command API (which can be followed in Swagger UI under the menu autoHGPEC). The CyREST API is developed with appropriated functions as well. Thus, the result of each step in the workflow can be passed on to the caller for further analysis in R or Python in JSON format.
Operation autoHGPEC is designed to predict novel disease-gene and disease-disease associations and evidence collection based on a random walk on heterogeneous network with added automation features. Therefore, it operates in the same workflow as in HGPEC 12 . However, in addition to desktop-based Cytoscape though the menu system, its functions can be called using CyREST Command API and from other analysis tools such as R. Figure 1 show the workflow of autoHGPEC in three running environments (see user manual in Supplementary File 1). As an app of Cytoscape with automation features, autoHGPEC can be run on any computer which satisfies the minimal requirements to run Cytoscape.
Use cases
To demonstrate functions of autoHGPEC with automation features, we showed its ability in predicting novel genes and diseases associated with breast cancer (OMIM ID: 114480). Here, we briefly describe this case study by following the 5-step workflow in Figure 1 (see user manual in Supplementary File 1 for more detail):
-First, a heterogeneous network of genes and diseases was constructed by connecting a preinstalled disease similarity network (i.e., Disease_Similarity_Network_5) including 5,080 diseases and 19,729 interactions, a preinstalled human protein interaction network (i.e., Default_Human_ PPI_Network) including 10,486 genes and 50,791 interactions, and known disease-gene associations collected from OMIM 21 . This step can be accomplished by following commands from within R:
network DiseaseGene="Disease-gene from OMIM" diseaseNetwork="Disease_Similarity_ Network_5" geneNetwork="Default_Human_PPI_ Network"') -Second, breast cancer (OMIM ID: 114480) was selected for investigation. This disease is known to be associated with 21 genes, which are also available in the human protein interaction network. Then, the training set was built with these genes and the disease of interest. We can run two following commands within R for this task:
> commandRun('autoHGPEC step2_1_select_ diseasediseaseName="breastcancer"') > commandRun('autoHGPEC step2_2_create_ training_listdiseaseTraining="MIM114480"') -Third, we selected all of 10,465 remaining genes in the protein interaction network as candidate genes. This option can be done by following command:
Remaining') -Fourth, all genes and diseases in the heterogeneous network are ranked by applying the RWRH-based method with back-probability, jumping probability and subnetwork importance weight were set to 0.5, 0.6 and 0.7, respectively. The following command can be used to accomplish this task:
backProb=0.5jumpProb=0.6subnetWeight=0.7') -Finally, we visualized and collected evidence for the associations between 20 highly ranked candidate genes/ diseases and breast cancer. The users must highlight the diseases and genes of their interest in the corresponding network. These tasks can be performed using two following commands, respectively:
Visualization results (Figure 2a and b) show that most of the top ranked candidate genes are directly connected to known breast cancer-associated genes. In addition, highly ranked candidate diseases are directly connected to either known/training genes or the disease of interest. For evidence collection, we annotated and searched evidence for promising associations between the top ranked candidate genes/disease and breast cancer. Evidence collection results showed that each of the promising associations is supported by at least two data sources. More detail about interpretation on the results of visualization and evidence collection for these associations can be found in the HGPEC study 12 . Beside the fact is that almost commands of autoHGPEC return results in JSON format, the results of autoHGPEC is revealed via CyREST API as well (menu Help/Automation/CyREST Api). For example, the command in R, commandRun('autoHGPEC step2_1_select_disease diseaseName="breast cancer"'), in Step 2 can be performed directly by CyREST API with the request URL http://localhost:1234/autohgpec/v1/selectDisease/breast%20cancer (this URL is available after successfully constructing the heterogeneous network in Step 1). Then, it returns a list of OMIM IDs associated with "breast cancer" in JSON format as follows: Therefore, users can easily call this CyREST API and use this result in their workflow as they need.
Discussion and conclusions
Random walk with restart algorithm on heterogeneous network of diseases and genes was shown as a state-of-the-art method for predicting novel disease-gene and disease-disease associations compared to other network-based algorithms 3, 12 . However, its prediction performance highly depends on the used heterogeneous network, which is a combination of a disease similarity network and a gene/protein interaction network and known disease-gene associations. Indeed, a study showed that the prediction performance can be improved by using a gene ontology-based gene similarity network instead of using the human protein interaction network 22 . In addition, we have recently shown that using the disease similarity network constructed by Human Phenotype Ontology 23 improved the prediction performance of disease-associated genes 24 as well as disease-associated non-coding RNAs 25, 26 . Therefore, to facilitate the use of the similarity networks of diseases/genes, we enable user to provide these networks by themselves. For gene/protein network, user can import the network from various molecular interaction data sources or from other analysis pipelines. Similarly, disease similarity networks can be inputted from other analysis tools such as DOSim 27 and HPOSim 28 . Moreover, the ranked candidate genes can be used as inputs of other annotation and enrichment toolkits to support more about their associations with the disease of interest such as DAVID 29 and GSEA 30 . Taken together, with added automation features, autoHGPEC can be more useful and reached by a wider range of users.
Summary
Identification of novel disease-gene and disease-disease associations is an important task in biomedical research. Recently, we have developed a Cytoscape app, namely HGPEC, using a state-of-the-art network-based method for such task. This paper describes an upgrading version of HGPEC, namely autoHGPEC, with added automation features. By adding these functions, autoHGPEC can be used as a component of other complex analysis pipelines as well as make use of other data resources. We demonstrated the use of autoHGPEC by predicting novel breast cancer-associated genes and diseases. Further investigation by visualizing and collecting evidences for associations between top 20 ranked genes/diseases and breast cancer has shown the ability of autoHGPEC.
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